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Abstract 
Robust tool condition monitoring system requires reliable, repeatable selection of representative segments of the sensor signals. In commercial 
TCM systems and most of laboratory ones useful signal segments are selected by the system user, which is difficult, inconvenient, prone to 
random changes of cutting conditions and human errors. The paper presents algorithms for fully automatic detection of actual cutting 
(elimination of air cutting), selection of relatively stable signal segments representative of the tool condition and elimination of the 
overabundance of signal data in case of long operations or tool lives. 
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1. INTRODUCTION 
The structure of tool condition monitoring (TCM) system 
is presented in Figure 1. Selected process variables of the 
monitoring process (cutting forces, vibration, acoustic 
emission) are measured by appropriate sensors producing 
analogue signals.  
 
 
Fig. 1 Structure of tool condition monitoring system 
The signals are subject of signal processing which results 
in selected Signal Features (SFs), relevant to the tool 
condition. The tool condition monitoring is based on  these 
features. Figure 2 presents the feed force signal acquired 
during of the drilling operation. It consists of sequences of 
positioning movements and working feed. The working feed 
consists of air cutting (idle) and actual cutting (removing 
metal). Thus the first stage of the signal preprocessing, just 
after A/D conversion into time series, is automatic detection 
of actual cutting during the working feed, identified on the 
base of digital signals from CNC controller.  
 
Fig. 2. The feed force signal registered during drilling of subsequent holes. 
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The simplest, most often used method of cutting 
recognition is detection of the signal value crossing of preset 
threshold [1–4] in a time window selected by the user. The 
threshold value is calculated as part of maximum signal value, 
which makes the method not applicable automatically, online, 
as the max value is not known before the cutting starts. 
Another disadvantage of this method is possible disturbances 
of the signals occurring in many industrial applications. 
Signal from piezoelectric transducer (e.g. cutting force) may 
fall down or rise during an air cut or even become negative 
during cutting due to complex cross coupling between sensor 
sensitive directions (Fig. 3). The latter is characteristic for 
industrial cutting force sensors mounted under the turret of the 
lathe, when the force signals are not just proportional to the 
cutting, feed or passive force but are related in complex way 
to all of them and the turret position. Then the measured 
sensor signal can become negative during cutting, in spite all 
cutting force components are positive. Some signals are 
heavily distorted, which might efface cutting process. 
Therefore, cutting detection should be based on more than one 
signal, and more than one signal feature. 
 
 
Fig. 3. Cutting force signal during complex turning operation – cut 23 from 
operation presented in Fig. 6b. 
The signals acquired during cutting might be subject of 
further processing – the signal feature extraction, evaluation 
of their usability for TCM and selection of the best ones. The 
calculation of a sufficient number of SFs related to the tool 
condition is a key issue in the TCM systems [5]. During the 
system training, signal feature extraction, evaluation and 
selection must be performed after completion of entire tool 
life which may last several minutes. Thus the amount of 
acquired data can be enormously large and computing time 
unacceptably long, especially when advanced signal 
processing methods [5–8] are applied and several tools are 
monitored simultaneously. On the other side, for tool 
condition estimation quite short representative of a signal is 
adequate enough. According to [8] only 10ms (1024 samples) 
is sufficient for for recognizing the tool wear states. 
Moreover, not entire signal is usable for tool condition 
monitoring. Only those signal portions, which were extracted 
when the tool is removing metal in a steady state, are useful 
for tool condition monitoring (see Fig. 2). Both in 
commercially available TCM systems and laboratory ones, 
this is a system user who selects such fragments of the signal 
[2–4,7], which is difficult, inconvenient, and prone to random 
changes of cutting conditions and human errors. Therefore, 
automatic selection of short signal segments should be vital 
part of tool condition monitoring algorithm. The actual cutting 
detection and selection of representative segments of the 
sensor signals are subject of this paper. 
2. CUTTING DETECTION 
The proposed method of cutting detection is presented in 
Figure 4, where two signals – cutting force Fc and AERMS 
acquired simultaneously are analyzed as an example. The first 
operation is offset removal performed 40 ms after receiving 
signal “working feed on” from the CNC controller. Standard 
deviation V0 and average value Sav of the sensor signal S are 
calculated from the 120 ms segment of the signal. The latter is 
subtracted from the signal as an offset, thus during air cutting 
the signal should oscillate around zero. The standard deviation 
calculated during the offset removal – V0 (here V0(Fc) and V0(AERMS)) is a measure of signal disturbances characterizing 
the sensor installation, which might be dependant on the 
spindle rotational speed, feed, position of the current etc. 
Therefore it can be used for determination of the threshold 
values for cutting detection. After the offset removal, the 
actual cutting detection starts. Every 2 ms two signal features 
are calculated. The first one is Sf – signal filtered with low 
pass, 1Hz Butterworth II order filter. This feature represents 
moving average value of the signal and it is the most effective 
in the absence of the signal drift or change of sign of the 
signal value due to cross coupling mentioned above. The 
second feature is Vc – standard deviation of a 400 ms fragment 
of this signal, which is independent of the signal drift or sign 
changes. If there are more available sensor signals in the 
system, all of them are used for the cutting detection. The 
system recognizes beginning of cutting if Sf  > 5V0  or Vc > 3V0  
for any of the signals more than 25 ms. In the example 
presented in Figure 4 the earliest threshold crossing appeared 
at 8.35ms for the standard deviation of the cutting force thus 
the cutting was recognized at 8.55ms. Interruption of the 
cutting is recognized after all filtered signals and standard 
deviations which were above their thresholds falls below the 
thresholds. The multipliers: 5 for filtered signal Sf  and 3 for 
the standard deviation of the signal Vc were established on the 
base of experience from several installations and many 
experiments. If some signals have a strong drift tendency, 
cutting detection based on filtered signal might be switched 
off during the system installation. The same applies to 
detection based on standard deviation for very disturbed 
signals. None of these are done by the machine tool operator, 
and cutting detection is performed automatically without any 
user tuning or even knowledge.  
3. SEGMENTATION 
Signal features used for tool wear monitoring should be 
calculated from steady state parts of the sensor signals. This 
allows for avoiding random changes of the signals during 
changes of cutting conditions. The following procedure was 
developed for selection necessary number of the most useful 
(steady state) signal segments. The signals acquired during 
cutting in the first, training operation are divided into  
157 Sebastian Bombiński et al. /  Procedia CIRP  46 ( 2016 )  155 – 160 
 
  
Fig. 4 The cutting detection method. 
1 second segments. Having three subsequent signal segments 
A, B and C (see Fig. 5) local fluctuation of the signal 
corresponding to the B segment is calculated using effective 
values of these subsequent segments: 
ܨ݈஻ ൌ ቚ
ோெௌሾ஺ሿ
ோெௌሾ஻ሿ െ ͳቚ ൅ ቚ
ோெௌሾ஼ሿ
ோெௌሾ஻ሿ െ ͳቚ (1) 
 
Fig. 5 The cutting detection method. 
The fluctuation Fl is a measure of the segment usability for 
tool condition monitoring – the lower the better. For strictly a 
steady state signal it would be zero. The best segments should 
be selected from the signal registered during cutting 
uniformly distributed through the entire operation. The 
segments are collected in clusters, six segments each and the 
best of every cluster is selected as its representative. Then 
numerous signal features must be calculated from every 
selected signal. If several sensor and advanced signal 
processing methods like e.g. wavelet transform are applied, 
number of SFs can be very large (582 in [9]). For long 
operation, there would be many segments, overloading 
computer memory and increasing computing time without any 
added value. Therefore, if operation contains more than 2 
minutes (120 segments in 20 clusters) not more than 20 best 
segments are selected for further processing. As all signal 
segments selected for tool wear monitoring have to stay in 
computer memory to the end of tool life, it was decided, that 
maximum number of segments (number of operations in tool 
life multiplied by the number of segments in operation) 
should not exceed established number – default is 128. When 
the number of segments exceeds this limit, they are clustered 
in pairs and the better of the two is selected.  
The presented segmentation algorithm allows for selection 
of the all sensor signal fragments from all operations 
corresponding to the same moment of the operation duration 
respectively. This selection is carried out only during the first 
tool life, while the system training. During this and all 
following tool lives, all available signal features are calculated 
from all selected signal segments and only the SFs are kept in 
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computer memory. The original signals are erased, which 
reduces memory consumption. After the end of the first tool 
life the signal features are automatically evaluated regarding 
their relevancy for tool wear monitoring [9], and the best Mi 
SFs are selected for each segment separately. Of course 
signals and signal features from different segments are not 
comparable, as they can be acquired under different cutting 
conditions. Therefore, tool condition monitoring is performed 
for each segment separately. Here, the used up part of tool life 
('T), defined as the ratio of the cutting time as performed so 
far (t) to the overall tool life span (T), was used as the tool 
condition measure [4,10–12]. The first, preliminary tool wear 
models are created after the end of the first tool life T. The 
cutting times ti,1 are replaced by corresponding used up parts 
of this first tool life 'Ti,1= ti,1/T. Together with selected Mi 
signal featurs SFi,j,1 values they are used for calculation of 
model of SFi,j dependence on used part of tool life SFij('T). It 
might be tuned up after the next two tool lives. 
Tool condition monitoring is based on inverse of such 
models – different for each segment and each signal feature.  
 During tool condition monitoring, after machining of ith  
segment in kth operation and calculation of Mi signal features 
SFi,j,k, the used up part of tool life 'Ti,j,k is calculated from 
each signal feature separately. All Mi values of 'T are 
averaged to produce an estimation of tool live consumption 
after machining of ith segment in kth operation: 
 ȟ ௜ܶǡ௞ ൌ
ଵ
ெ೔
σ ȟ ௜ܶǡ௝ǡ௞ெ೔௝           (2) 
To avoid random disturbances of the monitoring process it 
was additionally assumed that increase of the tool 
consumption cannot be more than twice higher and less than 
twice lower than in the training tool life. 
4. EXPERIMENTAL VERIFICATION 
Experiments were performed on turning center VENUS 
450 equipped with an industrial cutting force sensor (Kistler 
9601A31) installed under the turret and acoustic emission 
(AE) sensor (Kistler 7815B121) see Figure 6a [10]. Four 
sensor signals were measured: three force signals, Fc, Ff and 
Fp and AERMS signal. The workpieces were C 45 steel bars, 
160 mm diameter. The plan of operation is presented in Fig. 
6b. It consisted of 22 subsequent rough, shaping cuts with the 
depth of cut ap=1.5 (13 cuts) and 2 mm (9 cuts), the feed f = 
0.1 mm/rev and cutting speed vc = 150 m/min, and one 
finishing cut with the same feed and cutting speed but various 
depths of cut. Toolholders SCGCL equipped with cemented 
carbide inserts CNMG 10408 BP30A were used. Machining 
of one workpiece lasted 4.6 min, in which 3.6 min was cutting 
time. Eight tools were worn out after machining 8, 10, 10, 12, 
10, 9, 14 and 10 workpieces respectively. 
Figure 6c presents an example of the cutting force signal Fc 
and segmentation procedure results in this case. During the 
first operation (top row in Fig.6c) 165 segments were 
identified. The best nineteen segments selected after this 
operation are shown in the second row. After 7 operations, 
there were 19x7=133>128 signal segments in computer 
memory, so they were decimated by two, leaving only 10 per 
operation, which lasted to the end of the first tool life (8 
operations).  
Each of four measured signals was processed using three-
level Wavelet Packet Transform (WPT) decomposition to 
obtain fourteen coefficients, called approximations A and 
details D. Then from all of them and the original signals the 
following signal features were calculated and selected 
automatically: 
x logarithmic energy (e.g., Fc/DD.E – the energy of wavelet 
coefficient DD of Fc signal),  
x effective value (e.g., Ff/ADA.RMS – RMS value of coefficient 
ADA of Ff signal),  
x standard deviation (e.g., Ff/A.st_dev – st.dev. value of 
coefficient A of Ff signal),  
x mode (e.g. AE/s.mode mode value of original AERMS signal),  
x count 1, 2 and 3 – threshold crossing rate i.e. number of 
times the signal crosses the 30%, 50% or 70% of max 
value (e.g., Fp,ADA,Count1), 
x Pulse 1, 2 and 3 – pulse width i.e. the percentage of time 
during which the signal remains above thresholds, (e.g., 
Fc/ADA,Pulse1), 
 
 
 
Fig. 6. (a) Sensor installation, (b) plan of operation and (c) segment 
elimination procedure  
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Fig. 7. (a) Feed force signals in three operations, (b) examples of signal features selected and modelled automatically in segment 1, 4 and 7, (c) used up part of 
the tool life estimation in tool lives 2-8 
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In each segment different numbers of different signal features 
were selected. Examples of those SFs in three of eight 
operations are presented in figure 7b, (blue lines). After the 
first tool life, for every SF in every segment separate model 
based on 2rd degree polynomial was calculated (black, 
continuous lines in Fig. 7b). 
During subsequent tool lives, the system works in 
monitoring mode. After acquiring of each selected segment, 
the used up part of tool life is calculated on the base of every 
SF model separately. For example, after acquiring the first 
segment in the third operation 'T estimated using the first and 
the second signal features: AE/s.mode and Ff/A.E are 'T1,1,3 and 
'T1,2,3 respectively (see Fig. 7b). Then they are averaged to 
give an estimation of the used part of tool life at this point of 
time, here it would be 'T1, 3 see Fig. 7c. The tool condition 
monitoring results are presented in Figure 7c as the used up 
portions of tool lives evaluated by the system, 'Test, versus 
the actual values of 'T. As the first tool life was used only for 
system training. The results of the seven following tool lives 
are presented there. The accuracy of the tool condition 
monitoring evaluation can be assessed using the root mean 
square error (RMSE): 
ܴܯܵܧ ൌ ටଵ௡σሺȟ ௘ܶ௩ െ ȟܶሻ
ଶ                                      (3) 
 The 'T values are expressed as percentages; thus, the 
RMSE can be interpreted as average percentage errors. The 
RMSE are also presented in Figure 7c. 
Presenting the tool condition evaluation during operation is 
especially important in the aerospace industry where 
machining of one workpiece can last several minutes, and 
sometimes several tools (tool lives) must be used to complete 
one operation. 
5. SUMMARY 
Signal feature extraction and selection for tool condition 
monitoring must be preceded by effective identification of  
actual cutting time and effective automatic selection of steady 
state signal segments, useful for this monitoring. The 
algorithms presented above allow for detection of cutting 
based on all available signals using their low pass filtered 
values and standard deviation as signal features. Threshold 
values are calculated automatically, without user involvement. 
Also algorithms for automatic selection of short, steady state, 
representative signal segments were presented. Both 
developments were implemented in tool condition monitoring 
system successfully tested in industrial environment  
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